Ahstract-A relevant feature of online social networks like Facebook is the scope for users to share external information from the web with their friends by sharing an URL. The phenomenon of sharing has bridged the web graph with the social network graph and the shared knowledge in ego networks has become a source for relevant information for an individual user, leading to the emergence of social search as a powerful tool for information retrieval. Consideration of the social context has become an essential factor in the process of ranking results in response to queries in social search engines. In this work, we present InfoSearch, a social search engine built over the Facebook platform, which lets users search for information based on what their friends have shared. We identify and implement three distinct ranking factors based on the number of mutual friends, social group membership, and time stamp of shared documents to rank results for user searches. We perform user studies based on the Facebook feeds of two authors to understand the impact of each ranking factor on the result for two queries.
I. INTRODUCTION
Users in online social networks have surpassed hundreds of millions in numbers. With this staggering growth in the network size, social network platform providers like Facebook and Twitter have introduced new tools to engage the users. In addition to connecting and exchanging messages with friends on a regular basis, users can also share photos, videos and location information. Users of online social network platforms also have the unique ability to share with their friends URLs to websites and web articles they read, enjoy and find useful.
Social network platforms represent a place to share and reflect what users value greatly and find useful, so people are becom ing very good at sharing exactly what they value as well as the pieces of information that are beneficial to them and their friends can also gain from. Facebook has introduced 'Like', 'Share' and 'Recommend' buttons that content providers of any website can include on their website to help visitors share the URLs with their friends in a fast and easy manner. Twitter has also introduced similar technologies to let users 'Tweet' the URL in addition to their personal comment about the URL. The simplicity and ubiquitousness of this technology has propelled the integration of the web graph with the social graph.
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Users share their favorite webpages on current affairs, news, technology updates, progranuning, cooking and so on with their friends using the social network platform. By utilizing the knowledge present in each individual's personal network, a social context based search engine can significantly impact the way information is searched and retrieved. In the current state of web search engines, users are restricted to search for information from the global web and retrieve results that search engine algorithms rank as relevant. The search engines retrieve and rank information based on their understanding of the link structure that relate one webpage to another and assigning a random piece of information a certain value for the purpose of ranking. The only form of authenticity a user can access during the retrieval process is the ranking value assigned by the search engine except for which the retrieved information is only a random piece of information from the web. However, the result set can be significantly changed by introducing social context and social authenticity as factors during the ranking procedure to let querying users identify results based on the way friends have shared information in similar contexts. In this regard, the volume of shared infor mation has grown so rapidly that search engine platforms like Google and Microsoft has also started to introduce signals in their ranking algorithms that reflect the patterns of information share across the social graph [1] , [2] . The efforts of search Hi Prantik Bhattacharyya <See groups) (Sort Results by Timeline) (Sort Results by !kgrW Results for the query 'privacy' appear for one of the authors.
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engine platforms has primarily concentrated on introducing the signals incorporated from social sharing to add a parameter to the ranking algorithms for search results that are identical for all users with respect to a specific query. However, the growth of information sharing in individual social network of users can also be used to provide exclusive results for queries from each individual user based on the large volume of information that is available in their network. The motivation to provide such exclusive search results is to incorporate context and authenticity of information source as present in the information shared by users of social network platforms in their personal social networks. The search process thus not only enables a user to access a set of information that has a distinct social component attached to it but also to gain from the collective knowledge of their respective social network. In other words, a search process is no longer limited to retrieving a random piece of information from the Internet with no trust value attached to it but extends to a retrieval process that includes a trusted source, that is, their friends' personal attachment or endorsement of that piece of information.
Furthermore, in a social network, user connections can also be seen as a graph such that a user can be represented as a node and each friend connection can be treated as an edge between two nodes. However, link analysis algorithms like
PageRank [3] , [4] , [14] are not suitable for application here since during the search process of an individual user, results from the members of their social circle should not be ranked based on a generalized analysis of the relative importance of those members in the larger network but rather on their local importance to the querying user [16] , [17] .
In this work, we consider the process of information re trieval from social network of individual users and algorithms for ranking these results as part of the social search problem. We have developed the social search engine on the Face book platform. The search engine is called InfoSearch and is available at http://apps.facebook.com/infosearch. We use three different algorithms to rank search results. First, we use the time property of a shared information to rank results in a chronological manner. Second, we use the number of friends shared between the user performing the query and the user who acts as a source for the shared information. For our third approach, we utilize the social relationship between the user performing the query and the user who shares the information to rank results and form the final result set. We derive the social relationship between two users based on the social group structure shared between them. We present results based on the impact of the above three ranking algorithms in retrieving information during the case studies.
The paper is organized as follows. In Section III, we formally describe the problem statement related to social search and follow up with a discussion of social network relationship semantics. In Section V, we discuss the ranking algorithms employed during our system development and Sec tion VI presents the architecture of the social search engine. In Section VIII, we present our findings obtained through user studies and the last section closes with a discussion on future research directions.
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II. RELATED WORK
Several projects have looked into the area of search in social networks. The research problems have broadly fallen into the following categories. First, the identity or profile search problem in which social network information is used to connect and subsequently search for users. Dodds et. al.
[5] conducted a global social-search experiment to connect 60,000 users to 18 target persons in 13 countries and validated the claims of small-world theory. Adamic et. al. [6] conducted a similar project on the email network inside an organization.
In The author defines the social distance between users based on the tie structure of the social graph and aims to pro vide improved relevance and order in profile identity entries.
Mislove et. al. [12] consider the problem of information search through social network analysis. They compare the mechanisms for locating information through web and social networking platforms and discuss the possibility of integrating web search with social network through a HTTP proxy. In this work, we build the social search system on Facebook, utilizing the existing social graph as well as the knowledge database already being build by its users. We discuss the details next.
III. SOCIAL SEARCH -PROBLEM STATEMENT
In this section, we illustrate how users share information and discuss the benefits of information sharing. Next, we introduce the social search problem statement addressed in this work.
By sharing the URL on Facebook, the user is introducing the article to his friends, extending the knowledge database of the social network with the context of the article. In this case, the context of the article is 'privacy' and other related keywords. Users in the network benefit from this shared knowledge when they try to find information related to privacy. Furthermore, the social context in this case i.e. the person who shared this information can help the querying users to disambiguate and choose from the large number of articles available on 'privacy' in general on the web. Thus, users benefit from the fact that someone in their social network already read the article and shared with their friends for the article's relevancy. Next, we formally define the task of information retrieval and ranking in a social search engine. We begin with a few key information structures.
, where V is a set of nodes and E is a set of edges among V. A node stands for a user in the social network, and an edge e stands for a connection between two users u and v. In our work, we consider undirected edges. The shortest geodesic distance between two nodes nl and n2 in the network is defined as d(nl' n2). Let d(nl' n2) = 00 if no path exists between the nodes in the network.
Definition 2. Ego Network. For a user u, ego network is a graph G(u) = (V(u), E(u)), where V(u) is a set of nodes that includes all friends ofu, F(u) and the node u itself E(u) is a set of edges among (V(u) -u) such that'Vv E (V(u) -u), v and u are friends and share an edge in E. Additionally, all edges between nodes in ( V ( u) -u) that existed in E are also included in E(u). Result Candidates A query with the keyword q by a user u is defined as Q( u, q). The result candidates for the query Q( u, q) is defined as the set of shared document tuples, RC(Q(u,q)) = ( vi ,dj) such that Vi E F(u) and 'Vdj, q E K(dj).
Definition 6. Results Final. For a query Q(u,q), the final result set RF( Q( u, q)), of p results, is formed from the RC( Q( u, q)) possible result candidates. The final result set of p results is determined by the contribution of each Vi from the set of result candidates such that each user Vi who acts as a source of information can impart social context into the result set.
In the next section, we will discuss and define the semantics of social relationship such that we can formalize the contribu tion of each user as they impart social context in formulating the final result set. We will introduce the ranking factors and the algorithm to determine the final result set in section V.
IV. SEMANTICS OF SOCIAL RELATIONSHIPS
One way to understand the relationship between users u and V is to understand the number of connections user V share with other users in the mutual friend network. This number 89 indicates the degree of user v in M F( u) i.e. the factor that indicates how many users in F ( u) connect to v. The other way to understand the relationship between two users is to empirically determine the social groups of user u from the mutual friend network and use this information to understand v's relation to other users in F( u), including those users not directly connected to v. In the next subsections, we introduce the formal definitions of each factor.
1) Shared Mutual Friends:
In this factor, we consider the degree of user v in M F( u) i.e. the factor that indicates the number of users in F ( u) connect to v. Let, this value be represented as mf(v,MF(u)), for all v E F(u). We present an example in Figure 2 . Ego e is connected to all the other nodes in the graph and shown using a broken line between the vertices and ego e. The mutual friend network of the ego e is shown by the connected lines between the other vertices of the figure. In this example, the number of shared mutual friends for vertex a with respect to ego e is 2. Similarly, vertices band c has 2 and 3 shared mutual friends respectively. The number indicates the strength of connectivity of a particular vertex or friend in the mutual friend network for a user and thus is an important signal to represent the social relationship shared between users. 2) Social Groups: A social group in the ego-network of user u can be defined as a set of friends who are connected among themselves, share a common identity and represents a dimension in the social life of the user u. A social group can be defined in multiple ways. In this work, we base our definition on mutuality [17] and the formal definition is presented next. The above definition allows for duplication of users across different social groups since a user can belong to multiple social groups as it satisfies the geodesic requirement with other users of each group.
Let user u's social circle be divided into a set of groups represented as SG u = {sg�}, where 1 :s: i :s: ngu, ngu represents the number of social groups formed. Based on two different parameter values, examples of such groups are presented in Figure 3a and Figure 3b . We observe that four social groups are discovered for k = 1. Nodes c and g overlap in two groups each. Now, when we inspect the graph for
Figure 3: Social Groups for an ego e k = 2, we discover only 2 social groups with no overlapping vertices. It is also important to note here that further increase in the value of k has no effect in group generation. Thus, in a way the group formation gives a sense of separation or distance between the users based on the value of k for the group formation process. We use the set of all social groups formed from the mutual friend graph of an user U to next define the social distance between two users present in the ego network of user u. Let user v belong to the set of social groups gv such that gv C S G ( u). Let T)v represent the cardinality of gv and let each element of set of groups gv be represented as g; such that
We utilize the group member information to next define group distance and user distance.
Definition 8. Social Group Distance. The distance between two social groups is defined to be equal to the Jaccard distance between the groups. For two social groups, Sg(U)i and sg(u) j , from the set S G ( u) of user u:
Definition 9. User Distance in Ego Network. User distance between two users, v and w, in the ego network of user U is defined as the mean distance between the two user's associated group(s). For users v and W associated with T)v and T)w number of social groups represented by g� and g?n such that 1 � T)v and 1 � T)w respectively, user distance is defined as:
Based on the above two factors to identify social relation ship semantics between two users, we next identify the ranking factors and define the ranking algorithms to formulate results in a social search engine.
V. RANKING FACTORS AND ALGORITHM
In this section, we describe the ranking factors involved to determine RF( Q( u, q)) of p results from the set of result 90 candidates, RC ( Q ( u, q) ). We identify three ranking factors for the purpose. Two factors are based on the social relationship semantics we identified in the previous section and the third factor is based on the time stamp at which the user shared an URL or a document. We also describe the algorithm employed during the ranking process to determine the top results for each factor as we define each factor. 1) Degree: The 'degree' factor is based on the number of mutual friends between two users as described in Section IV.I. For this factor, the algorithm to determine the final result set consists of two steps. First, from the result candidates, RC ( Q( u, q) ), we identify the unique set of users in the possible candidates and then sort them based on the number of mutual friends they share with user U i.e. m f ( v, M F ( u)) from high to low. The first p users from the sorted list is selected to construct RF ( Q( u, q) ). If multiple documents associated with the same user exists, we select the document with the most recent T( d) value. If the number of unique users is less than p , we then repeat the same steps including other entries by the same users till we reach p results.
2) Diversity: The 'diversity' factor is based on the social group information of the querying user. The purpose of this factor is to maximize the group representation in a result set such that the social diversity in a result set is maximized and a higher user distance between the users present in the result set can help user U to inspect results that members from the various groups of the network share on the platform. The diversity value is based on the user-distance methods defined previously and is defined next.
Definition 10. Diversity. The diversity of a result set, R, consisting of p results is defined as the mean user distance( s) between each pair of users.
To determine RF( Q( u, q)) based on the diversity factor, the ranking algorithm starts by first constructing a set of unique users from the set RC( Q( u, q)). From the set of unique users, the next step consists of forming all possible combinations of p users. We denote the set of all combinations as R In the next step, for all Ri E IR, we determine their social diversity value and present the combination with the highest diversity value as the final result. If the number of unique users in the set of result candidates is less than p then the final result set is formed by using the most recently shared document of each user and repeating the process untill p results are formed.
In this case, a diversity value of 0.0 is associated with the returned result set.
3) Time: With this factor, we consider the time stamp, T(D) at which an article was shared in the network to rank the results. This factor considers the time relevancy of shared documents. For instance, in the context of 'budget', time relevancy leads to information pointed towards current budget issues shared on the social network. The algorithm that ranks results using this factor is straight forward: all documents present in the result candidate set is sorted based on their time time stamp information with the most recent document as the first element. From the sorted list, the first p results are considered as the final result set, RF ( Q ( u, q) ). In the next section, we discuss our development the social search engine.
VI. SOCIAL SEARCH SYSTEM DEVELOPMENT
We built InfoSearch as a prototype social search engine over Facebook. InfoSearch is built as a Facebook applica tion using the Facebook platform APIs and is available at hup:llapps.facebook.com/infosearch. Users are requested to authorize the application in order to use it. Once authorized, the three primary components of the application crawl, index and formulate search results. These components are described next. The system architecture for the search engine is presented in Figure 4 .
A. Crawler
The purpose of the Crawler is to pull out information from the Facebook feed of each signed-in user using the Facebook API. The Facebook feed of a user consists of links, photos, and other updates from friends. In this work, the Crawler focuses on crawling the shared links to connect the web graph with the social graph. The Crawler is executed on a daily basis for each authorized user to retrieve the aforementioned updates from their feed.
In our work, the Crawler employs the 'links' API provided by Facebook to crawl the various 'links' shared by users over the Facebook platform. When called by the Crawler, the 'links' API returns a set of fields related to each link entry. Among the returned fields, we consider the following fields: a) 'id', b) 'from', c) 'link', d) 'name', e) 'description', f) 'message' and g) 'created_time' for the next component of our search engine. The Crawler also retrieves information about a user's friend list to build the ego and mutual friend network of a user. The Crawler uses the 'friends' and 'friends.getMutuaIFriends' API to retrieve information about the nodes and edges, respectively to build the ego network of a user. The Crawler also provides 91 the scope to expand our architecture for other social network platforms by mapping the field lists of each returned link with the fields used by the next two components of the application. It is simple enough to extend the application to work with other platforms, since only one change in how the crawler interacts with the platform needs to be introduced.
B. Indexer
The Indexer has two primary tasks. First, it analyzes the information retrieved by the Crawler to build an index of keywords for each shared URL. Second, the Indexer also performs the task of building the social groups for each user. Details of each task are described next.
Once the shared URLs are retrieved from the feed of each signed-in user, the next step is to build a keyword table for each URL with keywords extracted from the text retrieved from the URL. We use Yahoo!'s term extraction engine [18] for this purpose. The term extraction engine takes a string as input and outputs a result set of extracted terms. Additionally, we also use the Python-based topia.termextract library [19] to expand the keyword table. This library is based on text term extraction using the parts-of-speech tagging algorithm. We retrieve text from each URL and interpret the text using the aforementioned methods to finalize the set of keywords for each shared link.
The second task of the Indexer is to analyze the mutual friend network of each signed-in user and build the social group information set. We use the 'R' implementation of the 'kCliques' for this purpose which is focused on the definition for social network analysis [20] . For the user study in Section VIII, we vary the value of k between 1 and 6 to understand the impact of social group formation in the final result formulation. To formulate results for users performing queries through InfoSearch, we use a value of k equal to 3.
C. Result Formulation
This is the final component in the system development. The purpose of this component is to a) process the user input queries, b) determine the result candidates, and c) formulate the final result set. In the first step, the user enters a query through the search engine web interface. At this step, users are also given the option to select their preferred way of ranking the possible results. In the next step, all documents related to the input query that originated from the friends of the user are retrieved. If no related documents are found and the query includes multiple keywords, the query is broken into multiple sub-queries and the search process is repeated to determine the related documents. If no documents are found at this stage, a 'no results found' message is sent to the user and the process stops. Otherwise, the set of related documents are promoted to potential result candidates and sent for processing by the ranking algorithms to determine the final result set. Based on the ranking factor selected by the user, the corresponding ranking algorithm is applied to the result candidates and the final result set is pushed forward to the application interface for display to the user. In our current implementation, we display a set of 8 results as the top results, that is, we consider a value of p equal to 8 during the final result formulation step. We implement a pagination style such that after every p results are displayed, the next set of top p results are determined from the remaining result candidates and the process is repeated until the number of results in the candidate set is less than p. Thus, the result sets are displayed to the user in the form of consecutive pages.
We also implement an additional feature to help users find information related to a specific friend or set of friends. This feature is implemented at the query interpretation step and the user has to specify the name of his/her friends in conjunction with the query. In this particular situation, the retrieval process is limited to the set of information related to the specified user(s) only and the time factor is used to rank the results at this step.
VII. USER STATISTICS
We invited colleagues from our laboratory to use the application. This step has helped us crawl their Facebook feeds to collect data in order to understand the impact of each ranking factor on the result formulation. In this section, we present a few statistics on the collected data. Currently, InfoSearch has 15 signed-in users and through their Facebook feed, it has access to regular updates of 3,650 users. Each user has an average of 243 users in their ego network and their mutual friend graph has an average of 1655 edges. We present statistics on the number of links shared by members of the ego network in Ta ble I.
During the time InfoSearch has been active, we have crawled links shared by 2, 796 users. This is a very significant number because it tells us that, among the users InfoSearch has access to, 76.70% shared a web link with their friends in the social network. It is evident that the integration of web and social network graphs is taking place at a rapid pace and that the growth can have a significant impact on the way users search for information on the Internet.
The number of links shared by the users during this period is 22,266 and growing. The number of keywords extracted using the Yahoo! term extraction engine and the Python topia.termextract library is 865,067, which amounts to an average of 39 terms for each link. Additionally, we also consider the number of unique terms present in this pool to form a picture about the uniqueness in the shared content. We observe that the number of unique terms shared across all the links is 115,570, which results in an average of 5 92 terms per link. We next discuss case studies to understand the performance of social search engine results under different ranking factors and algorithms.
VIII. USER STUDIES
The subjectiveness of a social search engine, that is focused on unique search results for each user based on their respective ego network, makes it intrinsically difficult to compare and contrast the quality of the final results produced with the results of other search engines where similar or identical results are generated for all users. Thus, we cannot evaluate the results shown by InfoSearch for a query based on the results obtained from other web search engines. Instead, we focus on analyzing the impact of the ranking factors in the final result set for different users. We perform user studies based on the information shared in the ego network of two of the authors.
We consider two queries for the user study: 'budget' and 'privacy'. Both queries are selected because of their relevancy to a majority of users. The first author is labeled as 'userA' and the second author is labeled as 'userB'. userA has 206 members in his ego network. The number of edges shared between the members is 1552, that is, an average of 8 edges per member. userB has 527 friends and the number of edges between the members are 1003, which results in an average of 2 members. It is evident from these statistics that the respective ego networks are very different in topological characteristics and our next step is to understand how the ranking factors impact the final result set formation. We compare the results based on how the value of each ranking factor holds up for each of the ranking factors. For example, we compare the degree value in the final result set as produced by each of the other three factors. The diversity factor, V2, is analyzed by forming social groups using values of k from 1 to 6.
We start by comparing results based on ranking factor related to social context based factors. We plot the degree and the diversity value of a result set as computed by applying the different ranking algorithms. Next, we discuss the impact on time relevancy of the retrieved data based on different factors.
We plot the degree values in Figure Sa and Figure 5b for both queries for each user, respectively. We see that the value of the result set based on the 'degree' factor is the highest among all the result set values. This observation is quite intuitive because the purpose of the degree factor is to formulate results with only the users who share the highest number of mutual friends with the user performing the query. However, it is interesting to note the corresponding values for other factors and how they compare against the value of the degree factor. While the values are lower, we observe that the corresponding values are significantly lower for userB in comparision to userA. The value for 'degree' based factor for query budget is 181 and 211 for users userA and userB respectively. In comparison, for the time factor, the values are 140 and 23 respectively. The diversity-based values range between 104 and 178 for userA and between 50 and 70 for userB. We observe similar trends in value for the query privacy as well. We observe that, based on the factor considered during the ranking process, the degree values in the result set can vary significantly owing to the structural difference in the ego network of the user performing the query. Now we discuss the impact on the diversity value of the result sets. Values are plotted for each query in Figure 6 and Figure 7 . The lowest diversity values are observed for result sets formed using the 'time' factor consistently under all conditions of k and for both the queries. We infer from this observation that information, once shared by a member in a social group, has a tendency to flow between the members of the particular social group before it is shared by members from other social groups. This leads us to conclude that result sets formed based on time of sharing can lead to information sources which originate within particular social groups and will have the lowest social diversity value. While the diversity based algorithm tries to maximize the value of social diversity in results, time factor among the other factors mostly retrieves results that have the least value of social context present.
We next analyze the difference in the values for each factor. The 'time' factor results show the least amount of variation in the results. This is expected as the role of the 'time' factor is to select and rank the results based on the actual time when the results were shared without applying any social context factor. However, when we consider the other factors where input about the social relationship between the user performing the query and the source of information is taken into account, we see significant variation in the results retrieved for the final set. For userA, we observe that maximum variation occurs for the 'degree' factor at a variation of 37 days from the average of the time at which results were shared. The results are more striking for userB as we see results that are formed on the basis of 'degree' have a variation of 150 days and more. This shows that as we choose 'degree' of users as a ranking factor, final result set can contain results that were shared a significantly long time ago. In the next section, we conclude our work with a discussion about future work. In this work, we discuss our efforts to build InfoSearch over the Facebook platform as a prototype social search engine and provide scope to users to search through the posts shared by their friends. In the process, we identified three important factors related to ranking search results for social search systems. Users can employ either one of the factors to rank results as they search using lnfoSearch. Based on data collected through the Facebook feeds of two users, we also performed user studies to understand the impact of ranking factors in the formation of result sets. We observed that 'time' based ranking of results, while providing the latest posts, fails to include sufficient social information in the result based on the value generated for both 'degree' and 'diversity' factors. Among the factors based on semantics of social relationships between a user performing a query and a user sharing a piece of information, 'diversity' based factor provides sufficient social context into the result set as well as performs well in comparison to 'degree' factor to include time characteristics in the result set. We believe the area of social search engines has an inunense potential in the area of information search and retrieval and we want to expand this work into multiple directions. Firstly, we want to increase the impact of lnfoSearch by inviting more users to use our system on a regular basis and provide us feedback on their
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opinion about the quality of results formulated. Secondly, we want to extend the system architecture to include the scope of distributed databases and develop the application into a distributed system capable of handling thousands of queries at any given time. Thirdly, we want to extend the factors involved in the ranking process to include other network based factors like 'betweenness', 'centrality' and 'interaction intensity between users'. Finally, we aim to design a proper methodology for evaluating social search engines.
